Synthetic Aperture Radar (SAR) observations are widely used in emergency response for flood mapping and monitoring. However, the current operational services are mainly focused on flood in rural areas and flooded urban areas are less considered. In practice, urban flood mapping is challenging due to the complicated backscattering mechanisms in urban environments and in addition to SAR intensity other information is required. This paper introduces an unsupervised method for flood detection in urban areas by synergistically using SAR intensity and interferometric coherence under the Bayesian network fusion framework. It leverages multi-temporal intensity and coherence conjunctively to extract flood information of varying flooded landscapes. The proposed method is tested on the Houston (US) 2017 flood event with Sentinel-1 data and Joso (Japan) 2015 flood event with ALOS-2/PALSAR-2 data. The flood maps produced by the fusion of intensity and coherence and intensity alone are validated by comparison against high-resolution aerial photographs. The results show an overall accuracy of 94.5% (93.7%) and a kappa coefficient of 0.68 (0.60) for the Houston case, and an overall accuracy of 89.6% (86.0%) and a kappa coefficient of 0.72 (0.61) for the Joso case with the fusion of intensity and coherence (only intensity). The experiments demonstrate that coherence provides valuable information in addition to intensity in urban flood mapping and the proposed method could be a useful tool for urban flood mapping tasks. response in the context of disaster management. Synthetic aperture radar (SAR) sensors are the most widely used EO sources in flood mapping due to their all-weather and day-night imaging capability. Nowadays, the growing number of Synthetic Aperture Radar (SAR) satellite missions in orbits such as the Constellation of small Satellites for Mediterranean basin Observation (COSMO-SkyMed) [4], TerraSAR-X [5], Sentinel-1 [6], , and the Phased-Array L-band SAR-2 (PALSAR-2) aboard the Advanced Land Observation Satellite-2 (ALOS-2) [8] have shortened the revisit periods (e.g., 6 days with the Sentinel-1A/B constellation, and 1 day with the full COSMO-SkyMed constellation) and facilitated rapid flood mapping within the context of emergency response.
Introduction
Flooding is a widespread and dramatic natural disaster that affects lives, infrastructures, economics and local ecosystems in the world. It is reported that flood events were the main cause of internal displacement in 2008 to 2015 [1, 2] , and global economic losses due to floods in economically strong and populated areas are projected to reach US $597 billion in 2016-2035 [3] . Remote sensing data can offer a synoptic view over large areas systematically and provides useful information about the extent and dynamics of floods. Several international initiatives such as the International Charter "Space and Major Disasters" and the European Copernicus Emergency Management Service -Mapping have leveraged Earth Observation (EO) data to provide products and services for crisis Remote Sens. 2019, 11, 2231 3 of 22 coherence produced from two images both acquired before the flood). More details of SAR intensity and coherence response of floodwater over different land types in the urban environment can be found in Li et al. [35] . Chini et al. [33] interpreted intensity and coherence characteristics of the Sendai (Japan) flood related to the tsunami of 2011 with high-resolution COSMO-SkyMed data and found a lower coherence of flooded urban areas than non-flooded ones. Also, with high-resolution COSMO-SkyMed data, in Pulvirenti et al. [31] , coherence was used complementary to intensity and substantially reduced missed alarms in flooded urban areas of the 2014 Secchia River flood (Italy). Li et al. [35] employed multi-temporal high-resolution TerraSAR-X intensity and coherence for urban flood detection of the 2017 Houston flood (US) accompanying Hurricane Harvey with an active self-learning Convolutional Neural Network (CNN) model, and suggested that both multi-temporal intensity and coherence are required to produce an accurate inundation map in urban areas. This work presented an active self-learning framework that improves classification results with limited training samples. However, the requirement of training samples limits its application in scenarios that no training samples are available. More recently, Chini et al. [36] first applied mid-resolution Sentinel-1 intensity and coherence for urban flood detection for a case study of the 2017 Houston flood. In that study, the authors first extracted built-up areas with co-and cross-polarized (VV and VH) intensity time series and filtered false alarms with time series VV coherence. Subsequently, an adaptive thresholding-based change detection [16] was adopted to map flooded bare soils and flooded built-up areas with VV intensity and coherence, respectively. However, as noted by the authors, the influence of vegetation can lead to a decrease in coherence of built-up areas. This may result in an under-estimation of the flood extent in vegetated built-up areas. Intensity can complement coherence, in this case, to reduce under-estimation as flooded vegetation causes strong double-bounce scattering as well. Therefore, in practical urban flood mapping, the integrated information of intensity decrease, intensity increase, and coherence drop-off is required to account for different flood conditions in urban environments.
In this paper, we introduce a method for flood detection in urban (and suburban) environments with synergistic use of SAR intensity and coherence based on Bayesian network fusion. It leverages SAR intensity and coherence time series to map non-obstructed-flood (e.g., flooded bare soils and short vegetation); obstructed-flooded non-coherent areas (e.g., flooded vegetation and vegetated built-up areas); and obstructed-flooded coherent areas (e.g., flooded predominantly built-up areas). The method is flexible with respect to the time spans of data sequences (at least one pre-and co-event intensity pair, and one pre-and co-event coherence pair are needed). As mentioned above, the growing number of SAR missions in orbit that offer a consistent observation scenario with short revisit times increases the chance of both observing a flood event and, at the same time, having a suitable pre-event scene acquired by the same sensor. This makes the method favorable for operational emergency responses. Bayesian networks are statistically well-founded methods with highly flexible structures for explicitly displaying relationships among different variables, combing expert knowledge and data, and characterizing uncertainties [37] [38] [39] . Bayesian networks have been widely used in risk analysis and management [40] , uncertainty quantification [37] , and classification with the incorporation of multi-source remote sensing data [41, 42] . D'Addabbo et al. [43, 44] employed a Bayesian network for flood detection in rural areas combing SAR intensity, coherence, and ancillary data. In their study, they made use of coherence information with a very short temporal baseline (e.g., 1 day) to complement intensity for more robust inundation extent mapping in rural areas. However, their approach is difficult to transfer to more general cases with longer temporal baselines (e.g., 6 days with Sentinel-1A and Sentinel-1B constellation, and can be even longer for sensors such as TerraSAR-X and ALOS-2/PALSAR-2) as temporal decorrelation between subsequent acquisitions may outweigh the effect of coherence decrease due to flooding. For the scenario of flood mapping in an urban area, which comprises a variety of landscapes such as bare soil, vegetated areas, and man-made structures, it is essential to distinguish the variation in coherence from unstable scatterers and the changes caused by a flood event. Furthermore, in the work of D'Addabbo et al. [43, 44] user-designed thresholding values are required, which are sensor and scene dependent. The stability of scatterers in urban areas is considered in the fusion of intensity and coherence in this paper, and the thresholding values are learned from the data, thus making the method automatic so that it is independent of sensors and study areas. To preserve the probability information of Bayesian network outputs and incorporate the global contexture information, considering the pairwise relationships on all pairs of pixels in the image, we adopted a fully-connected Conditional Random Field (CRF) [45] which has seen demonstrated success in flood mapping in our previous study [18] . The method is unsupervised and further provides a supplement to the current Sentinel-1 Flood Service [15] of the German Aerospace Center (DLR) to account for flood in urban areas. We show the effectiveness of the approach on the 2017 Houston flood (US) event with Sentinel-1 time series and the 2015 Joso flood (Japan) event with ALOS-2/PALSAR-2 time series. The remainder of this paper is structured as follows: Section 2 describes the details of methods. Details of the dataset and experiment setup are introduced in Section 3. Section 4 gives the results and discussions. Finally, Section 5 concludes this paper with some remarks.
Methods
A Bayesian network is a probabilistic graphical model for compactly specifying joint probability distribution over a fixed set of random variables. It is a directed acyclic graph (DAG), where nodes represent variables and links between nodes represent dependencies between them [46] . The DAG specifies conditional independence statements of variables on their ancestors-namely which ancestors are direct "causes" for the variable [47] . Assuming x 1 , · · · , x N are the random variables, the joint distribution under a Bayesian network is given by
where pa(x i ) represent the parental variables of variable x i , with an arrow pointing from a parent variable to child variable in the DAG. The Bayesian network thus provides information about the underlying process and any conditional distribution(s) can be expressed via inference. The structure of the Bayesian network for flood mapping based on the fusion of intensity and coherence is visualized in Figure 1a . It combines information from both the backscatter intensity and interferometric coherence time series. The shaded nodes in Figure 1 indicate observed variables whereas open nodes mask unknown variables. In detail, the random variable F indicates the flood state (e.g., F = 1 for flood state and F = 0 for non-flood state, respectively) of each pixel; this is our target variable for which we want to infer its posterior probability conditioned on all the other variables. The variable D corresponds to the combination of intensity and coherence time series: stacked imagery of multitemporal intensity and coherence. C is a hidden variable, which links the influence of variable F on the observed image series D. It is difficult to find a simple causality between flood state and the observed SAR signatures, especially in urban areas associated with the complex backscattering mechanisms due to varying land covers. Therefore, it is necessary to introduce an intermediate variable C with K possible states that represent different temporal behaviors of the area of interest (AOI), corresponding to different land covers from a SAR (e.g., intensity and coherence) point of view [43, 48] . Intensity and coherence characterize different physical properties of a scene: intensity provides information about surface roughness and permittivity, whereas coherence measures the random variation of individual scatterers between two SAR acquisitions, indicating temporal similarity within a cell. Therefore, intensity and coherence could be sensitive to and provide useful information on different flooded land covers. For instance, intensity is sensitive to flooded bare soils and flooded vegetation, both intensity and coherence are sensitive to flooded built-up areas, and coherence is also sensitive to some flooded built-up areas that are insensitive for intensity (as described in the Introduction section). Considering this phenomenon, the hidden variable C is decoupled to two variables of C i and C γ corresponding to the intensity and coherence temporal signature, respectively (Figure 1b ), as the flood state of a given class C = k, k = 1, · · · , K, should be evaluated from the perspective of intensity (e.g., p(F|C i = k)) and coherence (e.g., p F C γ = k ). The variable D is partitioned to intensity (e.g., variable D i ) and coherence series (e.g., variable D γ ) accordingly. The land cover segmentation (e.g., variable C) is implemented under the conjunction of intensity and coherence time series (e.g., variable D) to retain the internal dependencies between these two data sources and preserve compact clusters of the AOI. Another reason is that the conditional probabilities of p(F|C i ) and p F C γ are evaluated interactively (described in detail later in this section). Therefore, consistent clusters of intensity and coherence are required. reason is that the conditional probabilities of ( | ) and are evaluated interactively (described in detail later in this section). Therefore, consistent clusters of intensity and coherence are required. The joint probability of D , D , in Figure 1b is given by:
and the posterior probability of F = 1 can be expressed as:
where ( | ) and can be calculated via the Bayes rule:
with ∈ , . , Σ , respectively [46] . The number of Gaussian mixtures, K, depends on the homogeneity of the AOI. A smaller value of K is needed for a more homogeneous area. In practice, a relatively large K is preferable as under-clustering results in mixed clusters with variable spectral signatures and causes a compromised result, whereas over-clustering does not impact the final result [43] . We select K via the Bayesian information criterion (BIC). The flood prior probability ( = 1) can be approximated by auxiliary data [43] . However, auxiliary data are not always available in emergency response and a SAR data self-consistent approach is more preferable. Therefore, the noninformative prior probability is used in this paper, ( = 1) = ( = 0) = 0.5.
The term in Equation (4) is a vector of weights of K Gaussian components. is a conditional probability table (CPT) that contains the flood probability of each component. It is the core part of the whole process and determines the final result. The CPT can be assigned manually by an expert or be learned from the data. The latter strategy is adopted in this paper to make the whole chain automatic. Under the assumption that the existence of floodwater may cause an abrupt change in either intensity or coherence, the CPT is estimated based on the variation between the average of pre-event series and the co-event acquisition for each component centroid (e.g., , ∈ , , and The joint probability of p D i , D γ , F in Figure 1b is given by:
where p(C i |F) and p(C γ |F) can be calculated via the Bayes rule:
with j ∈ i, γ . 
, are estimated by the expectation-maximization (EM) algorithm [49] . Therefore, p(D i |C i = k) and p D γ C γ = k are also Gaussian densities and can be calculated by p( [46] . The number of Gaussian mixtures, K, depends on the homogeneity of the AOI. A smaller value of K is needed for a more homogeneous area. In practice, a relatively large K is preferable as under-clustering results in mixed clusters with variable spectral signatures and causes a compromised result, whereas over-clustering does not impact the final result [43] . We select K via the Bayesian information criterion (BIC). The flood prior probability p(F = 1) can be approximated by auxiliary data [43] . However, auxiliary data are not always available in emergency response and a SAR data self-consistent approach is more preferable. Therefore, the non-informative prior probability is used in this paper, p(F = 1) = p(F = 0) = 0.5. The term p C j in Equation (4) is a vector of weights of K Gaussian components. p F C j is a conditional probability table (CPT) that contains the flood probability of each component. It is the core part of the whole process and determines the final result. The CPT can be assigned manually by an expert or be learned from the data. The latter strategy is adopted in this paper to make the whole chain automatic. Under the assumption that the existence of floodwater may cause an abrupt change in either intensity or coherence, the CPT is estimated based on the variation between the average of pre-event series and the co-event acquisition for each component centroid (e.g., µ jk , j ∈ i, γ , and k = 1, · · · , K). Intensity could decrease or increase due to the specular reflection or double-bounce, whereas coherence drops because of decorrelation caused by floodwater. Let ∆ j , j ∈ i, γ be the variation vector that we are concerned; we intend to extract the change information related to flooding at this step:
where max(·, ·) and min(·, ·) extract the element-wise maximum and minimum values of two vectors, respectively, mean(·) is the average operator along the time axis, µ pre j and µ co j represent component centroids of the pre-event series and the co-event acquisition, respectively. The CPT p F C j is given by the sigmoid function of ∆ j :
where β j is the steepness of the curve, and α j is the ∆ j value corresponding to p F C j = 0.5.
With relatively steep curves, the final result is not sensitive to the value of β j and β j = 1 is set as the default value. α j is the most important parameter and an optimal value should be assigned. After ∆ j is computed through Equation (5), its values are sorted in descending order. ∆ jl (l = 1, · · · , K − 1) is the potential value of α j and it separates the components to a flood-related changed set Φ jC (∆ jk ∈ Φ jC , k ≤ l) and an unchanged set Φ jU (∆ jk ∈ Φ jU , k > l). A cost function is defined to find the optimal index of l * by measuring intraclass compactness and interclass separability of the two sets [50, 51] :
where m jV is the mean value of set Φ jV , N Φ jV is the component number of set Φ jV , and m j is the mean value of the whole ∆ j . A smaller value of L l achieves higher intraclass compactness and interclass separability, thus l * is determined via the minima of Equation (7):
The CPT p F C j needs to be further refined after being calculated via Equations (5)-(8), since we should take into account the flood uncertainty in terms of intensity and coherence depends on the land cover types. Generally speaking, the change information from intensity is reliable for flood detection in non-built-up areas and partially reliable for built-up areas. Missed alarms that happen in some particular built-up areas (see the Introduction section) need the complement of coherence information. The change information from coherence is reliable for coherent targets (e.g., built-up areas) and not reliable for non-coherent areas such as vegetated areas -especially when data with large temporal baseline (e.g., from days up to months) are used. Moreover, the different temporal baselines between the pre-event acquisitions and the co-event acquisition can also cause either false alarms or missed alarms in non-coherent areas. Therefore, we first classify the AOI to coherent (built-up) and
Remote Sens. 2019, 11, 2231 7 of 22 non-coherent (non-built-up) areas through the relationship between mean µ pre γ and a threshold t, and subsequently refine p(F|C i ) and p F C γ as:
where & denotes the logical AND, and || denotes the logical OR, respectively. Equation (9) refines the flood evidence in terms of intensity and coherence according to the category of each component. For a given component k which belongs to the coherent (built-up) areas, when the flood evidence is favored by coherence (e.g., ∆ γk > α γ ) whereas not by intensity (e.g., ∆ ik < α i ), intensity may fail to capture the flood information. Therefore, p(F|C ik ) = 0.5 is assigned to this component to account for the uncertainty of intensity. For components that belong to non-coherent (non-built-up) areas, on the one hand, the non-flooded one can be misclassified as a flooded component by coherence due to the large temporal variation of the land cover and the (possible) difference of temporal baseline in the dataset. On the other hand, when pre-event coherence of a flooded component is already low (e.g., vegetated areas), neglectable variation can be observed between pre-and co-event coherence, thus it is difficult to detect floodwater by coherence. Therefore, p F C γk = 0.5 is assigned to the non-coherent components which show inconsistent flood evidence from intensity and coherence. After the final p F C j is determined, the flood posterior probability of each pixel can be evaluated through Equations (3) and (4). The fully-connected CRF is adopted to refine the flood probability by integrating the long-range spatial information and the final binary flood extent is obtained via the maximum a posteriori (MAP) operation. In this process, the flood posterior probability of each pixel estimated via the Bayesian network is the unary potential term of the fully-connected CRF, and the difference images calculated by Equation (5) are the feature vectors of the appearance kernel [18] . Finally, the binary flood extent can be further classified to the following flood categories: non-obstructed-flood that is characterized by a decreased σ • in co-event acquisition; obstructed-flooded non-coherent areas (e.g., flooded vegetation and vegetated built-up areas) that show an increased σ • in the co-event acquisition and low pre-event γ; obstructed-flooded coherent areas (e.g., flooded predominantly built-up areas) that present an increased/unchanged σ • in co-event acquisition and high pre-event γ.
Data and Experiments
Two case studies were conducted with different SAR sensors to test our method. The first case is the Houston (US) flood accompanying Hurricane Harvey which took landfall on 25 August 2017 on Texas. Harvey moved on to Houston on August 26 and remained there for four days. The local National Weather Service office in Houston observed daily rainfall accumulations of 370 mm and 408 mm on August 26 and 27, respectively [36] . Multiple flash flood emergency alerts were issued in the Houston area by the night of August 26. The study area is located at the western part of Houston city with an extension of ca. 590 km 2 , which is mainly occupied by residential houses/apartments, commercial and industrial districts, parks, and reservoirs. Eleven Sentinel-1 (C band, 20 m resolution, five Sentinel-1A and six Sentinel-1B) VV polarized Interferometric Wide Swath (IW) mode Single Look Complex (SLC) data acquired between 1 July 2017 and 30 August 2017 (with 6 days repetition rate) were used. Intensity and coherence data details are shown in Tables 1 and 2 , respectively, with the flood acquisition marked in blue color. Intensity images were preprocessed by radiometric calibration, speckle reduction with the Refined Lee speckle filter (window size of 7 × 7 pixels), and converted from linear to dB. Coherence images were obtained by sequential image pairs with a 28 × 7 (Range × Azimuth) window. Multi-looking with a 4 × 1 window was performed to all images to get a square pixel. All intensity and coherence images were stacked and geocoded with the 30 m Shuttle Radar Topography Mission (SRTM) digital elevation model (DEM) to WGS1984 UTM Zone 15 N with a square pixel size of 15 m. Each image was scaled to the range (0,255) before the subsequent processing. The coherent (built-up) area filter was set as t = 0.5 (0.5 * 255 for the scaled coherence images) suggested by Watanabe et al. [52] and Lu et al. [53] . The number of Gaussian components in this case study was k = 100. The validation dataset was virtually digitized based on aerial photographs with a spatial resolution of 35 cm acquired on 30-31 August 2017 by the National Oceanic and Atmospheric Administration (NOAA) Remote Sensing Division [54] . The second case study is the Joso (Japan) flood caused by the Kanto-Tohoku heavy rainfall on 9-11 September 2015 and the collapsed bank of Kinugawa River. The maximum rainfall accumulations exceeded 600 mm in the Kanto region and 500 mm in the Tohoku region, respectively. The water volume of the Kinugawa River increased rapidly in the city of Joso in the early morning of 10 September, and the floodwater quickly covered almost the entire area between Kinugawa River and Kokai River ( Figure 5 ) at 12:50 pm local time [55] . The inundation area decreased from ca. 31 km 2 on 11 September to ca. 2 km 2 on 16 September [56] . The study area consists of the Joso city area and a wide rice paddy field located to the north of Joso city with an extension of ca. 114 km 2 . Seven ALOS-2/PALSAR-2 (L band, 3 m resolution) HH polarized Stripmap mode (SM1) SLC data were obtained for this study case. Intensity and coherence data details are shown in Tables 3 and 4 , respectively, with the flood acquisition marked in blue color. The same preprocessing procedures as in the above case were performed concerning intensity and coherence except that the multi-looking step was omitted and coherence images were obtained with a 7 × 7 (Range × Azimuth) window. All images were geocoded with the 30 m SRTM DEM to WGS1984 UTM Zone 54N with a square pixel size of 2.5 m. The same experimental configuration of the Houston case was set: each data was scaled to the range (0,255) and t = 0.5 was assigned. The number of Gaussian components in this case study was k = 40. It is worth noting that the acquired data span across several seasons. To mitigate the impacts from the phenological variation of rice paddy, the intensity mean values of the pre-event acquisitions were only calculated by the acquisitions that dated in the same season of the co-event data. Therefore, only intensity data acquired on 29 August 2014 and 31 July 2015 were used for the average operation. Both 31 July 2015-11 September 2015 and 11 September 2015-23 October 2015 coherence pairs were co-event acquisitions and only the former was used. Besides, to mitigate the perturbation of B p , coherence of 2 January 2015-13 February 2015 was not used in the experiment. The validation dataset was virtually digitized on the basis of aerial photographs with a spatial resolution of 20 cm acquired on 11 September 2015 by the Geospatial Information Authority of Japan (GSI) [57] . Table 3 . ALOS-2/PALSAR-2 intensity data used for the Joso case study (flood acquisition is marked in blue color). 
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Results and Discussion
The results of two case studies are both qualitatively and quantitatively analyzed. The synoptic view of multi-temporal SAR data in the form of RGB combinations is widely used in the qualitative interpretation of land cover and surface dynamics [58, 59] . Different RGB combinations are adopted to give an intuition of flood extent in terms of intensity and coherence. For both cases, the results obtained from the fusion of intensity and coherence, and from intensity alone are quantitively analyzed. The overall accuracy (OA), kappa coefficient (κ), false-positive rate (FPR), precision (i.e., the correctly predicted positive patterns from the total predicted patterns in a positive class), recall (i.e., the fraction of positive patterns that are correctly classified), and F1 score (i.e., the harmonic mean between recall and precision) [60] are reported based on the flood reference derived from the aerial photographs mentioned in Section 3. In addition, the temporal variation of intensity and coherence as a result of flooding over different land cover types are also analyzed and discussed. Figure 2b . The white color shows non-flooded built-up areas which are characterized by high γ in both pre-event and co-event acquisitions. The appearance of floodwater between buildings results in a significant drop-off in co-event γ which are illustrated in the red color. However, the drop-off in γ could also be owing to random variation of vegetation (note the widely spread red color), thus the temporal non-coherent targets should be masked out when using γ in flood detection, as we discussed in Section 2. In Figure 2c , the RGB composite of intensity and coherence is adopted (R = co-event σ • , G = pre-event γ, and B = co-event γ). The flooded built-up areas are discernible in yellow color (e.g., high co-event σ • , high pre-event γ, and low co-event γ). The green color could be related to flooded bare soils with sparse meadow which are characterized by low co-event σ • , medium pre-event γ, and low co-event γ. Non-flooded built-up areas are shown in white color. Besides, the study area is quite vegetated, some small houses are encircled by trees, the mixed backscattering of the aforementioned objects could be presented in a single pixel of the medium resolution (e.g., 20 m) Sentinel-1 data, thus attenuating the double-bounce effect of buildings and reducing the values of both σ • and γ. These areas can be found in brown color in Figure 2c . Table 5 . Although high values of OA (e.g., 94.5% vs. 93.7%) are achieved for both scenarios, OA is an inappropriate evaluation metric for this case due to the unbalanced extent of the classes (e.g., flood class occupies around 10% of the whole area). When σ • and γ are synergistically used, κ is around 0.68 and F1 score is around 0.70. Comparing the extracted flood extent in Figure 3a with the reference flood mask in Figure 3d it can be found that the spatial pattern of flooded areas is extracted accurately. The overestimation is very low (e.g., 0.02), however, a relatively large underestimation can be found, with 0.61 recall. The underestimated inundation areas are mainly flooded dense built-up areas with heavy vegetation. In these areas, pre-event coherence is expected to be low and the canopy attenuates the double-bounce scattering occurring between floodwater surfaces and building walls. Thus, it is difficult to detect either a significant increase in σ • or decrease in γ between the pre-and co-event acquisitions. Figure 3b To get a better understanding of the roles of σ • and γ for flood detection in urban environments, we explore the temporal variation of spatial average values of σ • and γ in 4 regions that represent different flooded land-cover types, as shown in Figure 4 . R#1 is a homogenous short vegetation area that is (almost) wholly submerged in the flood event, the pre-event γ is low in this area (e.g., the maximum value is 0.27 and mean value is 0.18). Although the appearance of floodwater leads to a lower co-event γ (e.g., 0.12), γ is not reliable information for flood detection in this area because of the low values and large variation of the pre-event γ. The pre-event σ • is around −8.5 dB characterized by mixed surface and volume backscattering, however, the co-event σ • decreases significantly to −13.7 dB due to the specular reflection results from floodwater surface. Thus, σ • provides useful information for flood detection in this area. R#2 is a predominantly built-up area. High pre-event γ (e.g., around 0.85) holds for this temporally stable area, the appearance of floodwater results in a significant drop-off in the co-event γ (e.g., 0.35). Besides, the co-event σ • also increases substantially by the enhanced double-bounce effect, from around −5.5 dB to −0.3 dB. Therefore, both σ • and γ are useful for flood detection in this area. R#3 consists of building blocks with trees. The pre-event γ of this area is around 0.36, which could be attributed to the existence of trees and anthropogenic activities in the streets around buildings. The co-event γ drops to 0.14, nevertheless, this drop-off is much less significant than that in R#2 and as this area is weakly coherent, γ is not helpful for flood detection in this area. The pre-event σ • , however, increases from around −9.0 dB to −4.8 dB in co-event σ • . The wide spaces between buildings and the relatively small φ between building orientation and the SAR azimuth direction probably facilitate the enhancement of the double-bounce effect in the co-event acquisition. Thus, σ • is more informative than γ for flood detection in this area. R#4 is an underestimated inundation area of dense buildings surrounded by trees. In this area, the pre-event γ drops from around 0.60 to 0.32 in the co-event γ, whereas the pre-event σ • increases from around −7.0 dB to −6.0 dB in co-event σ • . The variations in both σ • and γ are less considerable than the successfully detected flooded built-up areas, e.g., a 0.28 drop-off of γ compared to a 0.5 drop-off in R#2, a 1 dB increase of σ • compared to a 5.2 dB increase in R#2 and a 4.2 dB increase in R#3. Since the buildings, trees and streets are densely distributed, γ is estimated with the mixed structures especially in medium resolution data such as Sentinel-1, thus attenuating the drop-off in the co-event γ. On the other hand, the double-bounce backscattering between floodwater surface and buildings could be obstructed by trees, and the floodwater could also be masked by shadow. Therefore, flood detection in this scenario is challenging especially for medium resolution data (e.g., 10 to 30 m). The quantitative evaluations of the flood extent in the study area ( Figure 2 ) produced by the fusion of σ° and γ (Figure 3a ) and σ° alone (Figure 3c ) are reported in Table 5 . Although high values 3a and 3b, corresponding to a lower recall value of 0.50. To gain an insight of the contributions from σ° and γ in urban flood detection, Figure 3e and 3f show the flood posterior probability conditioned on σ° and γ, respectively, providing a perception of distribution of the flood evidence that supported by σ° and γ. It can be found that the detected non-obstructed-flood in Figure 3b To get a better understanding of the roles of σ° and γ for flood detection in urban environments, we explore the temporal variation of spatial average values of σ° and γ in 4 regions that represent different flooded land-cover types, as shown in Figure 4 . R#1 is a homogenous short vegetation area that is (almost) wholly submerged in the flood event, the pre-event γ is low in this area (e.g., the maximum value is 0.27 and mean value is 0.18). Although the appearance of floodwater leads to a lower co-event γ (e.g., 0.12), γ is not reliable information for flood detection in this area because of the low values and large variation of the pre-event γ. The pre-event σ° is around -8.5 dB characterized by mixed surface and volume backscattering, however, the co-event σ° decreases significantly to - 
Houston Flood Case
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The intensity RGB composite (R = pre-event, G = B = co-event) of the Joso study area is shown in Figure 5a . The red color indicates flooded rice paddy, whereas cyan color hints potential flooded built-up areas and partially submersed vegetation, also including broadly spread vegetation that presents higher co-event σ • than the pre-event one probably due to potential phenological variation. The white color displays built-up areas and some paddy fields on which occur strong double-bounce effects in both acquisitions. Figure 5b visualizes the coherence RGB composite (R = pre-event, G = B = co-event). The red color illustrates flooded built-up areas, some rural roads, and fields which are characterized by a high value of γ in L band pre-event data. The colorful appearance of RGB composite of intensity and coherence (R = co-event σ • , G = pre-event γ, and B = co-event γ) in Figure 5c holds a wealth of information on the flood situation in different land-cover classes. The white color shows non-flooded built-up areas whereas flooded built-up areas are shown in yellow color. The green color illustrates the flooded coherent rural roads and fields that have low co-event σ • , high co-event σ • , and low co-event γ. The black color reveals flooded rice paddy fields and permanent water such as the course of the rivers through the northern and southern part of the study area. Vegetation is depicted in red color which is largely distributed along the rivers. The purple color locates some non-flooded paddy fields that have high co-event γ and low pre-event γ probably due to the larger temporal baseline of pre-event γ (e.g., 168 days across seasons) compared to the co-event γ (e.g., 42 days in the same season). The intensity RGB composite (R = pre-event, G = B = co-event) of the Joso study area is shown in Figure 5a . The red color indicates flooded rice paddy, whereas cyan color hints potential flooded built-up areas and partially submersed vegetation, also including broadly spread vegetation that presents higher co-event σ° than the pre-event one probably due to potential phenological variation. The white color displays built-up areas and some paddy fields on which occur strong double-bounce effects in both acquisitions. Figure 5b visualizes the coherence RGB composite (R = pre-event, G = B = co-event). The red color illustrates flooded built-up areas, some rural roads, and fields which are characterized by a high value of γ in L band pre-event data. The colorful appearance of RGB composite of intensity and coherence (R = co-event σ°, G = pre-event γ, and B = co-event γ) in Figure  5c holds a wealth of information on the flood situation in different land-cover classes. The white color shows non-flooded built-up areas whereas flooded built-up areas are shown in yellow color. The green color illustrates the flooded coherent rural roads and fields that have low co-event σ°, high coevent σ°, and low co-event γ. The black color reveals flooded rice paddy fields and permanent water such as the course of the rivers through the northern and southern part of the study area. Vegetation is depicted in red color which is largely distributed along the rivers. The purple color locates some non-flooded paddy fields that have high co-event γ and low pre-event γ probably due to the larger temporal baseline of pre-event γ (e.g., 168 days across seasons) compared to the co-event γ (e.g., 42 days in the same season). As the study area contains both urban and rural areas and we intend to mainly focus on flood detection in urban areas in this paper. We report the quantitative evaluations for both the whole study area ( Figure 5 ) and the urban area of Joso city which is located in the yellow dashed rectangle in Figure 6a . Table 6 lists the evaluations of results produced by the fusion of σ • and γ (Figure 6a ,g) and σ • alone (Figure 6c,i) . When combining σ • and γ, the result for the urban area is slightly worse than for the whole area in terms of OA (e.g., 84.3% vs. 89.6%) and κ (e.g., 0.66 vs. 0.72). This degradation is mainly due to a larger underestimation in urban areas, e.g., 0.66 of recall compared to 0.70 in the whole area. This difference is enlarged when only σ • data are used (e.g., 74.0% vs. 86.0% for OA and 0.42 vs. 0.61 for κ). The occurrence of specular surfaces, such as parking lots and shadowing caused by buildings/trees, can degrade the performance in urban areas. According to the mapping result shown in Figure 6a ,b, the underestimation primarily appears in parking lots, densely distributed built-up areas and bare fields that show a similar σ • in dry and flooded situations in the rural area. A subtle overestimation is found in both validation areas (e.g., 0.03 in both areas). Figure 6b ,h show the distribution of different flood categories and indicate that the obstructed-flooded non-coherent areas are largely distributed accompanying the obstructed-flooded coherent areas. This is rational as the presence of vegetation and anthropogenic activities reduce the coherence of built-up areas. The overall performance degrades when σ • is used by itself. A large area falsely detected as flooded can be seen in Figure 6c (close to the right bottom corner of the yellow rectangle) due to the variation of σ • in rice paddy field, and a severe underestimation can be found in the Joso city area (Figure 6i Figure 7 shows the temporal variation of the spatial average values of σ • and γ over 6 different regions. R#1 is a completely flooded homogeneous rice paddy field. Flooding causes a significant decrease of σ • in this area, ranging from around −2.5 dB of pre-event σ • (only considering acquisitions on 29 August 2014 and 31 July 2015) to −16 dB of co-event σ • , whereas the change of γ (e.g., 0.03) between pre-and co-event data is hardly detectable. R#2 and R#3 are flooded built-up areas observed with different φ angles. R#2 has a smaller φ than R#3. It can be found that the increase of co-event σ • caused by double-bounce in R#2 is larger than R#3 (e.g., around 3.6 dB against 1.6 dB). However, the drop-off in co-event γ has less difference between R#2 and R#3 (e.g., 0.30 against 0.31). It indicates that γ as a complement to σ • can help identify floodwater in built-up areas where might fail to detect by σ • alone. Besides, the effect of φ can be mitigated by combing the descending and ascending acquisitions that observe the same area from different viewing angles and increase the chance of floodwater detection. R#4 consists of flooded trees. It shows a strong double-bounce effect between floodwater and tree trunks thanks to the high penetration capability of L-band. The backscattering σ • increases from around −8.0 dB to −5.3 dB when inundation appears. Without surprise, the variation between pre-and co-event γ (e.g., 0.04) is as subtle as for R#1. The regions of R#5 and R#6 are corresponding to underestimated flooded parking lots and dense building blocks, respectively. For R#5, γ changes from around 0.31 in pre-event to 0.23 in co-event data. Due to busy anthropogenic activities, the low pre-event γ attenuates the γ variation caused by flooding over time and thus hampers flood detection based on γ. On the other hand, both pre-and co-event σ • are very low (e.g., −14.8 dB against −14.6 dB), as the backscattering from parking lots in dry conditions is also specular. Therefore, flood detection in parking lots could be challenging for both σ • and γ. In the dense built-up area of R#6, radar shadows hamper flood detection in the front of buildings and the evidence of flood from σ • is unnoticed. As the scatters are probably dominated by the roofs, the co-event γ is as high as the pre-event γ (e.g., above 0.6). Apart from the reasons of underestimation we discussed for R#5 and R#6, the underestimation in Joso city is also probably due to a floodwater recession at the time of SAR acquisition, since the inundation extent varies rapidly in time according to the inundation maps provided by GSI [56] and a large inundation area in Joso city disappeared on 12 September 2015. A large white area between the red areas in Joso city can be found in Figure 5b , which indicates that there is no significant coherence decorrelation occurring in this area. As the study area contains both urban and rural areas and we intend to mainly focus on flood detection in urban areas in this paper. We report the quantitative evaluations for both the whole study area ( Figure 5 ) and the urban area of Joso city which is located in the yellow dashed rectangle in Figure 6a . Table 6 lists the evaluations of results produced by the fusion of σ° and γ (Figure 6a and 6g) and σ° alone (Figure 6c and 6i) . When combining σ° and γ, the result for the urban area is slightly worse than for the whole area in terms of OA (e.g., 84.3% vs. 89.6%) and κ (e.g., 0.66 vs. 0.72). This degradation is mainly due to a larger underestimation in urban areas, e.g., 0.66 of recall compared to 0.70 in the whole area. This difference is enlarged when only σ° data are used (e.g., 74.0% vs. 86.0% for OA and 0.42 vs. 0.61 for κ). The occurrence of specular surfaces, such as parking lots and shadowing caused by buildings/trees, can degrade the performance in urban areas. According to the mapping result shown in Figure 6a and 6b, the underestimation primarily appears in parking lots, densely distributed built-up areas and bare fields that show a similar σ° in dry and flooded situations in the rural area. A subtle overestimation is found in both validation areas (e.g., 0.03 in both areas). Figure 6b and 6h show the distribution of different flood categories and indicate that the obstructedflooded non-coherent areas are largely distributed accompanying the obstructed-flooded coherent areas. This is rational as the presence of vegetation and anthropogenic activities reduce the coherence of built-up areas. The overall performance degrades when σ° is used by itself. A large area falsely detected as flooded can be seen in Figure 6c (close to the right bottom corner of the yellow rectangle) due to the variation of σ° in rice paddy field, and a severe underestimation can be found in the Joso city area (Figure 6i ) with a low recall value of 0.45. Figure 6e and 6f illustrate flood posterior probability conditioned on σ° and γ, respectively. It can be found that σ° provides very strong evidence in flooded rice paddy areas but a weaker one in flooded built-up areas. However, γ complements the flood information of built-up areas and other coherent areas such as rural roads.
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R#1
R#2 R#3 R#4 R#5 R#6 Figure 7 shows the temporal variation of the spatial average values of σ° and γ over 6 different regions. R#1 is a completely flooded homogeneous rice paddy field. Flooding causes a significant decrease of σ° in this area, ranging from around -2.5 dB of pre-event σ° (only considering acquisitions on August 29, 2014 and July 31, 2015) to -16 dB of co-event σ°, whereas the change of γ (e.g., 0.03) between pre-and co-event data is hardly detectable. R#2 and R#3 are flooded built-up areas observed with different ϕ angles. R#2 has a smaller ϕ than R#3. It can be found that the increase of co-event σ° caused by double-bounce in R#2 is larger than R#3 (e.g., around 3.6 dB against 1.6 dB). However, the drop-off in co-event γ has less difference between R#2 and R#3 (e.g., 0.30 against 0.31). It indicates that γ as a complement to σ° can help identify floodwater in built-up areas where might fail to detect by σ° alone. Besides, the effect of ϕ can be mitigated by combing the descending and ascending acquisitions that observe the same area from different viewing angles and increase the chance of floodwater detection. R#4 consists of flooded trees. It shows a strong double-bounce effect between floodwater and tree trunks thanks to the high penetration capability of L-band. The backscattering σ° increases from around -8.0 dB to -5.3 dB when inundation appears. Without surprise, the variation between pre-and co-event γ (e.g., 0.04) is as subtle as for R#1. The regions of R#5 and R#6 are corresponding to underestimated flooded parking lots and dense building blocks, respectively. For R#5, γ changes from around 0.31 in pre-event to 0.23 in co-event data. Due to busy anthropogenic activities, the low pre-event γ attenuates the γ variation caused by flooding over time and thus hampers flood detection based on γ. On the other hand, both pre-and co-event σ° are very low (e.g., -14.8 dB against -14.6 dB), as the backscattering from parking lots in dry conditions is also specular. Therefore, flood detection in parking lots could be challenging for both σ° and γ. In the dense builtup area of R#6, radar shadows hamper flood detection in the front of buildings and the evidence of flood from σ° is unnoticed. As the scatters are probably dominated by the roofs, the co-event γ is as 
Limitations and Future Directions
The main limitations of the proposed method lie in data availability and scalability. Although the method is flexible to data availability that both (long) time series or bi-temporal data can be used, a longer time series produces more unbiased coherent-area estimation and subsequently achieves a better CPT. For satellite missions with irregular observation scenarios such as ALOS-2/PALSAR-2 and TerraSAR-X, it can be hard to achieve a long time series of images with consistent acquisition parameters. Nevertheless, this does not mean that the method will fail to succeed with fewer multi-temporal data, as shown in the Joso case of this study. Promising results are achieved with less than 5 coherence sequence. This could benefit from the high spatial resolution of ALOS-2/PALSAR-2 data (e.g., 3 m) so that the coherence of built-up areas can be estimated with more pure pixels thus showing low temporal variation. For data with a lower spatial resolution such as Sentinel-1 data (e.g., 20 m), a longer data sequence is preferable. Data acquisition is going to be a less crucial problem with the evolution of SAR missions. Satellite constellations such as the Sentinel-1 mission and the recently launched RADARSAT Constellation Mission (RCM) [61] with high temporal resolution can provide a long and dense observation sequence of an area of interest, and the upcoming missions such Tandem-L [62] and NASA-ISRO SAR (NISAR) [63] will increase the observation frequency of spaceborne SAR systems at the global scale. The computation bottleneck of the method is the GMM with the EM algorithm. The best-case run time for the EM algorithm is (KNd) at each iteration, where is the cluster number, N is the data point number and d is the data dimension. Therefore, it is challenging to scale for a massive dataset with high-dimension. One possible way to deal with the scalability problem is to leverage the advanced data summarization techniques such as the coreset-based GMM [64, 65] , which guarantees that models fitting the M(M N) coresets (weighted subsets of the original data) will also provide a good fit for the original dataset. Besides, the quality of SAR image segmentation also affects the calculation of CPT. Compared to the standard GMM used for segmentation in this paper, the spatial constraint GMM [66] which imposes the contextual information in the mixing coefficient can achieve a better segmentation quality.
Conclusions
In this paper, we introduced a method for flood mapping in urban environments based on SAR intensity and interferometric coherence under the Bayesian network fusion framework. It integrates intensity and coherence information from a viewpoint of probability and takes into account the flood uncertainty in terms of intensity and coherence. The combination of intensity and coherence extracts flood information in varying land cover types and outputs both flood binary extent and flood category maps: including non-obstructed-flood (e.g., flooded bare soils and short vegetation); obstructed-flooded non-coherent area (e.g., flooded vegetation and vegetated built-up areas); and obstructed-flooded coherent area (e.g., flooded predominantly built-up areas). The approach is unsupervised and only based on SAR data, therefore favorable for operational emergency response with data from SAR missions with a short revisit time and systematic observation scenario such as Sentinel-1.
This method was tested on two flood events that were captured by different SAR sensors: the Houston (US) 2017 flood event with Sentinel-1 (C band, 20 m resolution) time series, and the Joso (Japan) 2015 flood event with ALOS-2/PALSAR-2 (L band, 3 m resolution) time series. The flood maps were validated by the reference flood masks derived from high-resolution aerial photographs and showed satisfying results in both case studies. The findings in the experiments demonstrate that the synergistic use of SAR intensity and coherence provides more reliable flood information in urban areas with varying landscapes than using intensity alone. Specifically, flood detection in less-coherent/non-coherent areas (e.g., bare soils, vegetation, vegetated built-up areas) relies on multi-temporal intensity, whereas multi-temporal coherence gives more comprehensive flood information in coherent areas (e.g., predominantly built-up areas). Nevertheless, some special flood situations such as flooded parking lots and flooded dense building blocks are still challenging for both intensity and coherence.
As the proposed method is sensor and scene independent, it provides opportunities for urban flood mapping at a global scale and especially in low-income countries with the highly frequent and systematic observations from SAR missions such as Sentinel-1 and the RADARSAT Constellation Mission (RCM). The upcoming missions such as Tandem-L and NISAR increase the observation frequency of spaceborne SAR systems and the possibility of flood detection in vegetated areas. Besides, the proposed method provides a supplement to the current Sentinel-1 Flood Service at the German Aerospace Center (DLR) to account for flooding in urban areas.
